Forest carbon (C) density varies tremendously across space due to the inherent heterogeneity of forest ecosystems. Variation of forest C density is especially pronounced in mountainous terrain, where environmental gradients are compressed and vary at multiple spatial scales. Additionally, the influence of environmental gradients may vary with forest age and developmental stage, an important consideration as forest landscapes often have a diversity of stand ages from past management and other disturbance agents. Quantifying forest C density and its underlying environmental determinants in mountain terrain has remained challenging because many available data sources lack the spatial grain and ecological resolution needed at both stand and landscape scales. The objective of this study was to determine if environmental factors influencing aboveground live carbon (ALC) density differed between young versus old forests. We integrated aerial light detection and ranging (lidar) data with 702 field plots to map forest ALC density at a grain of 25 m across the H.J. Andrews Experimental Forest, a 6369 ha watershed in the Cascade Mountains of Oregon, USA. We used linear regressions, random forest ensemble learning (RF) and sequential autoregressive modeling (SAR) to reveal how mapped forest ALC density was related to climate, topography, soils, and past disturbance history (timber harvesting and wildfires). ALC increased with stand age in young managed forests, with much greater variation of ALC in relation to years since wildfire in old unmanaged forests. Timber harvesting was the most important driver of ALC across the entire watershed, despite occurring on only 23% of the landscape. More variation in forest ALC density was explained in models of young managed forests than in models of old unmanaged forests. Besides stand age, ALC density in young managed forests was driven by factors influencing site productivity, whereas variation in ALC density in old unmanaged forests was also affected by finer scale topographic conditions associated with sheltered sites. Past wildfires only had a small influence on current ALC density, which may be a result of long times since fire and/or prevalence of non-stand replacing fire. Our results indicate that forest ALC density depends on a suite of multi-scale environmental drivers mediated by complex mountain topography, and that these relationships are dependent on stand age. The high and context-dependent spatial variability of forest ALC density has implications for quantifying forest carbon stores, establishing upper bounds of potential carbon sequestration, and scaling field data to landscape and regional scales.
Introduction
Forests play a critical role as a carbon (C) sink of atmospheric CO 2 , partially offsetting anthropogenic greenhouse gas emissions and thereby mitigating their effect on climate change (Goodale et al., 2002; Woodbury et al., 2007; Pan et al., 2011) . Forest C density (C stored per unit land area) varies tremendously at stand, regional, and global spatial scales (Smithwick et al., 2002;  http://dx.doi.org/10.1016/j.foreco.2016.01.036 0378-1127/Ó 2016 Elsevier B.V. All rights reserved. Bradford et al., 2010; Pan et al., 2011; Gray and Whittier, 2014) . Given the importance of forests in the global C cycle, understanding the patterns and sources of variability of forest C density across scales is critical for inventory and monitoring of forest C in support of ecosystem management for climate change mitigation. For example, estimates of forest C pools and fluxes are one component of national and international reporting obligations on greenhouse gas emissions (UNFCCC, 2009; US EPA, 2015) . Furthermore, quantifying the patterns and sources of variability of forest C is important for parameterization of simulation models used to understand how different management strategies, disturbance agents, and climate change may influence forest C sequestration and emissions (Kindermann et al., 2013; Seidl et al., 2014a,b) .
Many factors are known to influence forest C density, including climate (Chen et al., 2003; Baccini et al., 2004) , soil conditions (Oren et al., 2001) , forest age (Pregitzer and Euskirchen, 2004) , disturbance history and land management (Houghton et al., 1999; Goodale et al., 2002; Kashian et al., 2006; Kurz et al., 2008) , species diversity (Bunker et al., 2005; Bradford, 2011) , and vegetation structural complexity (Hardiman et al., 2011; Fahey et al., 2015) . Variation of forest C density may be especially pronounced in mountainous regions, which contain approximately one quarter of the world's forests (FAO, 2011) . Steep gradients of elevation and physiography that characterize mountainous terrain strongly influence climate (Daly et al., 1994 (Daly et al., , 2010 Lundquist and Cayan, 2007; Dobrowski et al., 2009) , soil characteristics (Tromp-van Meerveld and McDonnell, 2006; Griffiths et al., 2009; Pelletier and Rasmussen, 2009) , and disturbance regimes (Heyerdahl et al., 2001; Taylor and Skinner, 2003) . Furthermore, in complex mountainous terrain individual environmental factors often have interactive, hierarchical, and multi-scale relationships with forest composition and structure (Urban et al., 2000; Seidl et al., 2012) .
Estimates of forest C storage and its variability are often made at regional to global scales (Smithwick et al., 2002; Hudiburg et al., 2009; Pan et al., 2011) . There is a rich history of ecological research investigating landscape and regional environmental controls on forest productivity and biomass in mountains (Assmann and Franz, 1963; Whittaker, 1966; Whittaker et al., 1974; Whittaker and Niering, 1975; Bormann and Likens, 2012; Nabuurs et al., 2008; Pretzsch et al., 2014) . However, we still lack a understanding of the relative importance of environmental factors driving forest C density in mountain forest landscapes that are a mixture of managed and unmanaged stands (although see Baraloto et al., 2011; Seidl et al., 2012) . Often, quantification of forest C and its environmental controls has been focused on the importance of old-growth forests and the upper bounds of forest C (Smithwick et al., 2002; Hudiburg et al., 2009) . Younger managed forests have received less attention, in part due to their lower C stores, yet they can occupy large areas and are the location of much of the potential future additions to C stores in most landscapes. Furthermore, conservation of old-growth forests suggests future management activities will be increasingly concentrated in younger forests. Relatively few studies have compared environmental influences on forest C between young and old forests (although see Berenguer et al., 2014) . The lack of knowledge as to how environmental factors drive forest C density in old versus young forests limits development of forest carbon management strategies and limits our ability to scale up results for landscapes that are a mosaic of managed and unmanaged forests.
This knowledge gap may in part be due to methodological limitations of measuring forest C and its spatial variability. Empirical estimates of forest C pools and fluxes are generally made using plot-based measurements (Smithwick et al., 2002) , micrometeorological towers (Baldocchi et al., 2001) , or optical satellite imagery (Turner et al., 2003) . These data types often occur at different spatial and temporal scales, and each have specific limitations for quantifying the fine-grained spatial variability of forest C density and its underlying controls across landscapes. Plot-based measurements of forest C use biometric methods that are accurate, but they are labor intensive and sample intensities in traditional plot-based forest inventories may be inadequate in heterogeneous landscapes (Bradford et al., 2010) . Using flux towers to quantity forest C in heterogeneous landscapes is also problematic, because their spatial resolution can extend hundreds or thousands of meters in tall forests (Baldocchi, 1997) , and flux towers measure short-term C flux rather than C stores (i.e., the long-term integral of forest C sequestration). Finally, imagery from Landsat and other satellite passive optical sensors have known sensitivity and saturation limitations when estimating C density in forest types with high leaf area indices, high aboveground live biomass, and complex vertical canopy structure (Turner et al., 1999; Lu, 2006; Duncanson et al., 2010) . In contrast to passive remote sensing, light detection and ranging (lidar) is well suited to fine-grained quantification of forest C density and its environmental determinants across landscapes. Lidar can characterize vegetation structure and underlying topography at fine resolutions (Lefsky et al., 2002a) , and provide highly accurate estimates of aboveground biomass and carbon (Lefsky et al., 2002b; Li et al., 2008; Asner and Mascaro, 2014) . In combination with ancillary data sources, lidar can provide novel insights into the spatial variation of forest C and its underlying controls (Asner et al., 2010) .
In this study we coupled lidar data with fine-scale forest inventory data to map and analyze aboveground live carbon (ALC) density of the H.J. Andrews Experimental Forest (HJA), a mountainous forested watershed in the western Cascade Mountains of Oregon, USA. The Pacific Northwest Region of North America has some of the highest forest C densities in the world (Smithwick et al., 2002; Keith et al., 2009) . We analyzed patterns of mapped ALC density in relation to climate, topography, and disturbance history. Seidl et al. (2012) previously examined the spatial drivers of forest C density in the old-growth portion of the HJA using correlation analyses and a 500 year landscape simulation model experiment that was validated with lidar-derived estimates of forest C density. Their analyses showed that only about 55% of the variation in C stocks could be explained by environmental drivers, and much of the remaining variation in ALC was attributable to differences in forest composition and structure. Yet, the role of management and disturbance history and its potential interaction with environmental drivers of ALC density was left unexplored by this previous analysis. Here, our primary objectives were thus to quantify how environmental factors influence ALC density, and determine if these factors and their relative importance vary between young managed and old unmanaged portions of the landscape. We hypothesize that environmental drivers should explain more variation of ALC in younger forests, because young forests have less accumulated history of mortality from density dependent and density independent processes (e.g., wind, disease, fire) , and both their growth rates and structural development are primarily driven by site productivity (Klinka and Carter, 1990; Larson et al., 2008) . In contrast, old forests in the region are characterized by centuries of disturbances ranging from individual tree and small-scale gap formation Spies et al., 1990) to larger wildfires of variable severity (Teensma, 1987; Morrison and Swanson, 1990; Tepley et al., 2013) . Furthermore, older forests are characterized by more complex patterns and processes of stand development, including significant establishment and growth of shade tolerant trees, and changes in canopy structure and development in older trees compared to young forests . As a result of these differences in growth and mortality between young and old forests, we hypothesized that drivers of ALC density vary with age.
Materials and methods

Study area
The study was conducted at the H.J. Andrews Experimental Forest (HJA), located at 44.2°N, 122.2°W in the western Oregon Cascades, USA. The study area of 6369 ha includes the entire drainage basin of Lookout Creek, with elevation ranging from 412 to 1617 m. Lower elevations are underlain by volcanic rocks composed of mudflows, ash flows, and stream deposits; middle elevations are underlain by ash and lava flows; upper elevations are comprised of lava flows (Swanson and James, 1975; Swanson and Jones, 2002) . Volcanic, glacial, fluvial, and other geomorphic processes have shaped the topography and soils of the HJA. Glacial landforms of U-shaped valleys characterize the southeastern area of the basin, and western portions have steep slopes, narrow ridges, and narrow valley floors resulting from stream erosion and shallow rapid debris flows. Many areas of moderately sloped irregular terrain are the result of deep, slow moving landslides (Swanson and Swanston, 1977; Pyles et al., 1987) . Stream valleys range from steep and narrow chutes to wide alluvial benches. Soils are well-drained and derived from volcanic, colluvium, and residual materials. The climate is maritime Mediterranean, with wet mild winters and dry cool summers. Mean monthly temperatures at low elevations range from near 1°C in January to 18°C in July and decline with increasing elevation. Precipitation falls primarily from November to March, averaging 2300 mm yr À1 at low elevations to over 3550 mm yr À1 at higher elevations. At low elevations precipitation is a mix of rain and snow with snowpack rarely lasting more than a couple of weeks. At higher elevations an increasing fraction of precipitation falls as snow, and seasonal snowpack develops above 1000-1200 m. Low elevation forests are dominated by Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco), western hemlock (Tsuga heterophylla (Raf.) Sarg.), and western redcedar (Thuja plicata Donn ex D. Don). Upper elevation forests are dominated by noble fir (Abies procera Rehd.), Pacific silver fir (Abies amabilis Dougl. ex Forbes), mountain hemlock (Tsuga mertensiana (Bong.) Carr.), Douglas-fir, and western hemlock. Low and middle elevation forests in this area are highly productive, with carbon stores in excess of 600 Mg ha À1 (Smithwick et al., 2002) . Douglas-fir is the seral dominant species across much of the HJA, typically developing young even-aged stands after stand-replacing disturbances. Stands over 200 years old exhibit old-growth characteristics such as co-dominance of western hemlock in the overstory, multilayered vertical foliage distribution, and high accumulations of down wood Franklin et al., 2002) . Wildfire and timber harvesting have been the primary disturbances in the study area. The oldest stands at the HJA are over 500 years old, having established after high severity wildfire (Teensma, 1987; Tepley et al., 2013) . High and mixed severity fires are the most common fire regimes at the HJA, with fire returns intervals of 80-200 years (Teensma, 1987; Morrison and Swanson, 1990; Tepley et al., 2013) . Non-stand replacing fires have also been common, resulting in multiple pathways of successional development and highly variable stand structure (Tepley et al., 2013) . When the HJA was established as a research forest in 1948, about 65% of the forest area was old-growth, with the remainder largely mature stands that established after wildfires in the mid-1800s to early 1900s. From 1950 From to 1995 From , about 23% (1496 Harmon and Munger, 2005) , resulting in different plot sizes (between 0.025 and 0.1 ha) and spatial clustering of plots across the study area. We applied two sets of species-specific allometric equations (Means et al., 1994; Jenkins et al., 2004) (Hudak et al., 2008; Li et al., 2008; Kane et al., 2010; Zald et al., 2014) . Based on these prior studies, we considered the mean (H mean ), variance (H var ), and 95th percentile (H 95 ) height of lidar first returns, and vegetation cover as the percentage of all lidar returns >2 m (COV 2 ) and >40 m (COV 40 ) above ground as potential predictor variables of plot-based ALC. We also considered rumple (canopy surface area/ground surface area, Parker et al., 2004; Kane et al., 2010) , and a custom index (INDEX3), which explained additional variability of ALC beyond standard lidar variables. INDEX3 was calculated by computing canopy point density in 1 m vertical bins throughout the range of H 95 in the study area (1-64 m), multiplying each bin by its height above ground, and summing the binned products. INDEX3 produces higher values for foliage in the upper canopy of trees, accounting for higher biomass in trees with broad upper canopies (and possibly thicker boles) compared to trees with narrow upper canopies of similar height. Rumple and INDEX3 were strongly correlated, but INDEX3 was more strongly related to plot-level ALC (not shown). As a result, rumple was excluded as a potential predictor variable. Lidar-derived vegetation metrics were generated with a 5 m horizontal cell size to facilitate spatial matching of lidar metrics to ALC estimates on plots that varied in size from 0.025 to 0.1 ha. Numerous gridded topographic metrics were calculated from the DEM. Aspect was cosine transformed (Beers et al., 1966) , slope was calculated as percent, and two spatial scales of topographic position index (TPI30 and TPI300) were calculated as the difference between a cell's elevation and mean elevation of cells within a 30 and 300 m radius window. An intermediate scale TPI100 was also calculated with a 100 m radius window, but excluded from analyses due to its high correlation with fine and course topographic position (Electronic Supplemental Fig. 2 ). We also calculated distance to topographic exposure (TOPEX), a widely used metric for quantifying exposure and sheltering in relation to windthrow disturbance (Quine and White, 1998; Ruel et al., 2002) . TOPEX was calculated for each pixel by generating concentric rings spaced in 50 m increments out to 2500 m from the focal pixel. In each of eight azimuthal classes the maximum vertical angle across concentric rings was calculated and summed for each focal pixel. Higher TOPEX values are more sheltered and lower values are more exposed. Because of the long distance used in calculating TOPEX, we buffered the DEM by 2500 m around the HJA with a DEM collected from an adjacent lidar acquisition to the north and a nonlidar derived 10 m DEM to the south. All lidar-derived vegetation and topography variables were generated at a 5 m cell size.
Harvest history, fire history, and soils data
Information about the year and type of all harvest activities at the HJA was modified from a previously compiled geospatial dataset (Lienkaemper, 2004) . We estimated years since wildfire (YR_FIRE) and number of fires since 1500 (NFIRES) using the wildfire reconstruction for the HJA previously described by Seidl et al. (2012) , which compiled detailed tree-ring based studies identifying the locations of thirteen wildfires since 1575 (Teensma, 1987; Weisberg and Swanson, 2003; Tepley, 2010) . A map of soil physical properties (sand, silt, and clay fraction, and effective soil rooting depth) was derived from existing soil data for the HJA (Dyrness, 2005) . Percent sand and clay fraction are strongly negatively correlated (Electronic Supplemental Fig. 2 ), so percent sand fraction was excluded from subsequent analyses. For additional information regarding harvest, fire, and soils datasets please see Appendix A.
Climate data
Climate data came from spatial grids of temperature, precipitation, and radiation previously developed for the HJA (Daly and Smith, 2005a,b; Daly and Rosentrater, 2005) . Average annual temperature (TEMP) and annual precipitation (PRECIP) for the climatological period of 1980-89 were developed by interpolation of point station measurements to a spatial grid using the Parameter Estimates of Independent Slopes model (PRISM) that incorporates the influence of elevation on climate (Daly et al., 1994) . The version of PRISM climate data we used is a localized variant giving spatial predictions based on a temporally limited set of weather station data from within the HJA, versus the much larger national PRISM data that is available for a longer time period (Daly et al., 2008) . Native cell size of the climate data was 100 m, which was resampled to 25 m. Temperature and precipitation are highly correlated (see Electronic Supplemental Fig. 2 ), and correlation analysis as well as ecosystem simulations previously found temperature to be more important than precipitation in describing variation of forest C in the old-growth portion of the study area (Seidl et al., 2012) . For these reasons, precipitation was removed as a potential explanatory variable in subsequent analyses. Elevation is often used as a proxy for climate variables in mountainous terrain (Whittaker, 1978) , however the availability of spatially explicit climate data and the strong linear correlations between elevation and climate (see Electronic Supplemental Fig. 2 ) precluded the use of elevation in statistical analyses below.
Statistical analyses
2.3.1. Estimating and mapping ALC density using lidar data All statistical analyses were conducted in the R statistical environment version 2.15.1 (R Development Core Team, 2012) . A regression model of ALC was developed by relating plot estimates of ALC to lidar metrics of vegetation structure, following the approach taken by Seidl et al. (2012) . The response variable was plot-based ALC (Mg ha À1 ), cube-root transformed to address skewness. Lidar metrics were generated at a 5 m cell size because plots varied greatly in size and shape, and templates of 5 m cells were used to extract mean values of lidar metrics for areas that closely approximated the footprint of field plots. Since field plots were spatially clustered, they were divided into 42 spatially independent groups determined by a combination of visual assessment of geographic distances between plots and distinct landforms plots were located on. Potential predictor variables were the five previously described lidar metrics of vegetation height, cover, and vertical variability (H mean , H var , H 95 , COV 2 , COV 40 , and INDEX3). To identify the best set of predictor variables, linear regressions were developed using the average cube-root transformed ALC for each of the 42 groups as the response variable. The best predictor variables were selected using a modified forward selection procedure. To account for the spatial clustering of plot data, final fit, coefficients, and standard errors of model coefficients were estimated using 100,000 iterations of a non-parametric bootstrap in which plots within spatially independent groups were re-sampled with replacement (Davison and Hinkley, 1997 ). We assessed model prediction by comparing observed versus predicted values, and residual versus observed values. We also assessed spatial variation in model fit by mapping model residuals of ALC for the 42 groups across the HJA, and then visually assessing the map for strong spatial patterns in model residuals. The average model coefficients from the bootstrap iterations were applied to the selected lidar predictor variables to create a map of cube root transformed ALC, which was back transformed into a map of ALC density (Mg ha À1 , 25 m cell).
Spatial autocorrelation of mapped ALC density
One of the statistical methods (Random Forest, see Section 2.3.5 below) used to quantify relationships between environmental variables and mapped ALC does not account for spatial autocorrelation, necessitating a sample of mapped ALC where sample points are not spatially autocorrelated. We quantified spatial autocorrelation by calculating omnidirectional empirical semivariograms of mapped ALC using the classical method of moments estimation implemented in the GeoR package for R (Ribeiro and Diggle, 2001 ). Computational constraints caused by the large number of cells within the ALC raster (213,570) necessitated random sampling of data. 10,679 cells (five percent of cells) were randomly sampled 20 times. Semivariograms were computed for each of these samples. Model parameters (range, partial sill, and nugget) of each sample semivariogram were calculated with an ordinary least squares parametric model using the Nelder-Mead algorithm (Nelder and Mead, 1965) .
ALC density in relation to time since harvest and wildfire
Forest height, volume, biomass, and C often have non-linear relationships with forest age (McCardle and Meyer, 1930; Van Tuyl et al., 2005; Hudiburg et al., 2009) . Given that relationships between ALC and forest age could be different between young versus old forests, we developed separate regression models to quantify the relationships between mapped ALC and stand age (YR_HARV in young managed forests, and YR_FIRE in old unmanaged forest). To minimize edge effects and small sections of harvests intersecting the study area boundary, analysis of ALC and YR_HARV in young managed forests was limited to the mean mapped ALC in 135 harvest units containing at least twenty 25 m cells (1.25 ha). For old unmanaged forests, we calculated mean mapped ALC on a random sample of 114 square plots comprised of 9 Â 9 25 m cells (5.0625 ha), spatially constraining plots so they didn't intersect harvested areas or different years since most recent fire. After visually assessing scatterplots of ALC and stand age, we compared three regression models of ALC in young managed forests (age 3 , age + age 3 , and age + age 2 + age 3 ) and two regressions of ALC in old unmanaged forests (age, log transformed age). The best models for young and old forests were determined based on adjusted R 2 values, as well as Akaike information criterion (AIC), AIC differences (DAIC), likelihood of a model given the data (L(g i |x), Akaike weights (w i ), and evidence ratios (w 1 /w 2 ) following Burnham and Anderson (2002) . Specifically, we choose the model with the highest adjusted R 2 and lowest AIC value. If multiple models had substantial empirical support (DAIC values of 0-2, Akaike weights greater than 0.2, and evidence ratios less than 2), the best model was chosen based on its approximation of ecologically realistic patterns of ALC in relation to years since disturbance. The best models for young and old forests were then used as the stand age explanatory variables in subsequent analyses below.
Random forest (RF) modeling of ALC in relation to environmental variables
To assess the relative importance of potential predictor variables on ALC, we calculated variable importance values using the random forest (RF) algorithm (Breiman, 2001; Liaw and Wiener, 2002) . Mapped ALC density displayed strong spatial autocorrelation (mean semivariogram range of 471 m, Fig. 3 ). We addressed this by randomly sampling points with a minimum distance of 471 m using the rSSI function in the spatstat package (Baddeley and Turner, 2005) . We additionally constrained sampling to at least 50 m from an edge between managed and unmanaged forests. Sampling resulted in 150 total points (35 managed and 115 unmanaged). Mean values for mapped ALC and potential predictor variables were extracted from square plots comprised of 3 Â 3 25 m cells centered on each sampling point. As applied in this study, RF selected 1500 bootstrap samples, each containing twothirds of the sampled cells. For each sample, RF generated a regression tree, then randomly selected only one-third of the predictor variables and chose the best partition from among those variables. To assess predictive power of the model, RF calculated an average from all the regression trees, which was used to predict ALC for the sampled cells not included in the bootstrap sample. The RF model was then used to calculate the importance values for each predictor variable as the percent increase in the mean squared error (MSE) in the predicted data when values for that predictor were permuted and all other predictors were left unaltered. We generated RF models and associated variable importance values for ALC in relation to environmental variables for: (1) 150 samples across managed and unmanaged forest in relation to 13 environmental variables (Table 1) , (2) 115 samples across unmanaged forests in relation to the same variables above less HARVEST and including YR_FIRE, and (3) the 35 samples in managed forests in relation to the same 12 variables in (2) plus YR_HARV. By calculating variable importance values in these three different ways we were able to assess the relative importance of environmental variables on ALC across the entire study area, and separately for young managed and old unmanaged forests, respectively.
Sequential autoregressive (SAR) modeling of ALC in relation to environmental variables
In addition to RF analysis, we modeled ALC in relation to environmental variables using sequential autoregressive (SAR) modeling. We chose this complementary approach because of the lack of independence of mapped ALC values and the strong spatial structure of environmental variables, neither of which are explicitly accounted for in the RF analysis. In contrast to RF, SAR and other spatial regression modeling approaches incorporate the inherent spatial autocorrelation in response and environmental variables by using a spatial error term (Haining, 1993) , resulting in more robust inferences than methods that do not account for spatial autocorrelation (Wimberly et al., 2009 ). SAR and similar spatial regression approaches have been increasingly used to analyze fire severity patterns inferred from satellite imagery and their underlying environmental determinants (Thompson et al., 2007; Wimberly et al., 2009; Prichard and Kennedy, 2013) , as well as to predict forest biomass and productivity using forest inventory data (Ver Hoef and Temesgen, 2013 ), but we are unaware of attempts to apply these geostatistical methods to forest C density inferred from lidar data.
SAR models were constructed using the spautolm function from the spdep package in R (Bivand et al., 2013) . SAR models were constructed separately for young managed and old unmanaged portions of the HJA because unmanaged cells had no assignment of years since harvest. Potential predictor variables (Table 1) were screened using box and whisker plots to examine relationships between predictor variables and ALC. YR_HARV and YR_FIRE were used as predictor variables of stand age for young and old forests, respectively. SAR models using different combinations of screened predictor variables were compared using AIC, and the final models were based on significance (a = 0.05) of predictor variables and the lowest AIC values. Analyses were conducted on the full 25 m resolution mapped ALC dataset. The spatial neighborhood of cells in the inverse distance rule of the SAR spatial weights matrix was selected by choosing the neighborhood that minimized both SAR model AIC and residual spatial autocorrelation (Kissling and Carl, 2008; de Knegt et al., 2010) . This was implemented by creating SAR models using eight different neighborhood distances (25-200 m in 25 m increments), and for each SAR model calculating AIC values and spatial autocorrelation of the SAR residual values using the moran.test function in the spdep package (Bivand et al., 
Results
Distributions and correlations of environmental variables
Environmental variables generally had the same range of values between young managed and old unmanaged forests (Electronic Supplemental Fig. 1) , although there were important differences in frequency distributions for specific variables. Young managed forests tended to occur on lower elevation sites with higher annual mean temperature, more gradual slopes, intermediate topographic positions, and higher soil fractions of clay. Environmental variables displayed varying levels of correlation to each other in both young managed and old unmanaged forests (Electronic Supplemental  Fig. 2 ). PRECIP and TEMP were highly correlated (Pearson r = 0.88), and both were highly correlated to elevation (r = 0.83-0.93). SAND and CLAY were also highly correlated to each other (r = 0.88-0.91), as well as to elevation (r = 0.44-0.56), PRECIP (r = 0.33-0.36), and TEMP (r = 0.44-0.50). The three different spatial scales of topographic position index (TPI30, TPI100, TPI300) were moderately to highly correlated with each other (r = 0.41-0.77), as were SLOPE and TOPEX (r = 0.37-0.41). YR_HARVEST was moderately correlated to elevation, as well as to TOPEX, SAND, CLAY, and TEMP (r = 0.14-0.32), with harvests more likely to occur at lower, warmer, and more sheltered sites with reduced sand and greater clay fraction. Finally, in old forests YR_FIRE was moderately correlated to TPI300 and TOPEX (r = 0.25-0.30), with fires most common on less sheltered ridges and mid slopes.
Modeling and mapping ALC density
The best regression to predict cube root transformed ALC included H 95 and INDEX3 (Table 2, Fig. 1 ). Average adjusted R 2 for the final regression model across all bootstrapped samples was 0.754 (90% confidence interval of 0.687-0.806). Visual assessment did not find strong spatial patterns in model residuals of the back-transformed predicted ALC compared to observed ALC for the 42 spatially independent groups of plots (Electronic Supplemental Fig. 4 ). Applying the mean regression model coefficients (Table 2) to the gridded lidar explanatory variables, the mean and standard deviation of back transformed ALC was 302 ± 201 Mg ha À1 for the entire HJA, 364 ± 192 Mg ha À1 for old unmanaged forests, and 112 ± 60.6 5 Mg ha À1 for young managed forests of the HJA (Fig. 2) . The mean range of the 20 semvariograms of mapped ALC was 471.46 m (Electronic Supplemental Table 1 , Electronic Supplemental Fig. 3 ).
ALC density in relation to years since disturbance
Plantations ranged from 12 to 57 years old, and varied in size from 1.38 to 97.44 ha. The top ranked regression model of mapped ALC density in relation to age included the predictor variable YR_HARV 3 (Fig. 3 , Electronic Supplemental Table 2 ). This model was significant at P < 0.0001 and had an adjusted R 2 of 0.59. One other model had substantial empirical support (DAIC = 1.02), but had an ecologically unrealistic model form where ALC remained constant or increased as YR_HARV declined from 20 years old to zero. Time since last wildfire ranged from 55 to 507 years, with estimated areas within the HJA ranging from 20.31 to 4372.88 ha (although this does not include areas of fires occurring outside the HJA watershed). The top ranked model of ALC in relation to time since fire included the predictor variable log(YR_FIRE) (Fig. 3 , Electronic Supplemental Table 2 ). This model was significant at P < 0.0001 and had an adjusted R 2 of 0.11. No other models for old unmanaged forests had substantial levels of empirical support (DAIC 6 2). Compared to young managed forests, ALC in old unmanaged forests was highly variable with respect to stand age, and the model form indicates an asymptote of ALC beyond 500 years old.
Random forest models of ALC density in relation to environment variables
RF models explained 54%, 65%, and 34% of the variability in ALC density across the entire HJA, young managed forests, and old unmanaged forests, respectively. Across the entire HJA, HARVEST was the dominant predictor variable, reducing MSE by over 90% (Fig. 4) . Within young managed forests, TEMP and YR_HARV were the most important predictor variables (reducing MSE by 32% and 31%), with only one other predictor variable (CLAY) reducing MSE by at least 10%. The RF model for old unmanaged forests explained the least amount of variability in ALC. TEMP was its most important predictor variable, and two other predictor variables (CLAY and TOPEX) each reducing MSE by at least 10%. More predictor variables appear to be important in explaining variation in ALC for old unmanaged versus young managed forests, while both years since wildfire (YR_FIRE) and the number of wildfires (NFIRES) were not important predictor variables in old unmanaged forests (reducing MSE by 6% and 2%, respectively).
SAR models of ALC density in relation to environment variables
SAR models explained 79% and 65% of the variability in ALC density across young managed forests and old unmanaged forests, respectively. Predicted ALC density had strong spatial correspondence to lidar-derived maps of ALC density, with high and low ALC values visually similar between SAR predicted and lidar mapped values (Fig. 5) . Residuals from the SAR models tended to over predict ALC in old unmanaged forests (Electronic Supplemental Fig. 5 ). However, when assessing SAR model proportional residuals (i.e., as the percentage difference between model residuals and lidar mapped ALC), the greatest percentage difference was not between young and old forests, but rather over prediction of ALC in unmanaged areas associated with meadows and rock outcrops (Electronic Supplemental Fig. 6 ). Significant predictor variables in common between SAR models of young managed and old unmanaged forests included: TEMP, TPI30, TPI300, and CLAY (Table 3) . The best SAR model for young managed forests also included YR_HARVEST, SLOPE, and YR_FIRE, while the SAR model for old unmanaged forests also included RAD, TOPEX, and SILT predictor variables. YR_FIRE was retained in the SAR model for old unmanaged forests, but it only had a suggestive relationship with ALC (P = 0.07). Other predictor variables that were not significant predictors in SAR models included ASPECT, NFIRES, and SOILDEPTH.
3.6. ALC density in relation to climate, topography, soils, and disturbance history in young versus old forests
Temperature was a significant predictor of ALC density in RF and SAR models for both young and old forests. ALC in old unmanaged forests steadily increased with increasing temperatures until reaching a plateau around 8.5°C, after which ALC did not vary with temperature until a slight decline in ALC above 10°C (Fig. 6) . ALC in young managed forests also increased with increasing temperature, but did not display the plateau in ALC as found in unmanaged forests. ALC in young unmanaged and old managed forests declined with increased topographic position at both fine (TPI30) and coarse (TPI300) scales, but this relationship was also more pronounced in unmanaged forests. CLAY was a significant predictor in RF and SAR models for both young managed and old unmanaged forests, yet it's relationship with ALC was highly variable.
In addition to the significant variables in SAR models for both young and old forests, two additional variables (YR_HARVEST, YR_FIRE, and SLOPE) were significant in the SAR model for young managed forests, while three additional variables (RAD, TOPEX, SILT) were significant and one suggestive (YR_FIRE) for old unmanaged forests (Table 3, Fig. 6 ). ALC in young managed forests steadily increased with YR_HARVEST, and declined with increasing SLOPE.
The influence of YR_FIRE in young managed forests appears to be driven by two recent small fires (1952 and 1935) , and older fires do not appear to influence ALC (Fig. 6) . In old unmanaged forests, ALC was variable but increased slightly with greater YR_FIRE and SILT, was highest at higher TOPEX values (more sheltered), and was lower at the highest and lowest RAD values.
Discussion
In both RF and SAR analyses, climate, topography, and soil conditions were all important drivers of forest ALC density, and these drivers varied significantly between young managed vs. old unmanaged forests. Below, patterns of forest ALC density and environmental relationships are discussed in terms of (1) Complementary value of RF and SAR analyses, (2) dominant environmental drivers of ALC density at the landscape scale, (3) differences in environmental drivers of ALC between young managed forests and old unmanaged forests, (4) the limitations of our study, and (5) implications of high spatial variability of forest ALC density in complex mountain terrain.
Complementary value of RF and SAR analyses
Lidar data enabled the development of high resolution maps of forest ALC density across managed and unmanaged forests, allowing us to quantify spatial variation of ALC and its underlying environmental determinants. By examining the relationships between ALC density and environmental drivers using complementary statistical methods (RF and SAR), we were able to make stronger inferences about the importance of environmental variables in young versus old forests, while placing results within the context of strengths and weakness of each statistical method. RF's primary strength in the context of this study is the ability to model complex interactions among environmental variables (Prasad et al., 2006; Cutler et al., 2007) . This strength over regression modeling (including SAR) may be especially important in complex mountainous terrain, where strong interactions between climate, physiography, and disturbance history occur. Additionally, RF variable importance values can be used to subjectively identify and interpret ecologically meaningful predictor variables. However, RF is not well suited to traditional statistical inference, variable selection, or variable significance, and RF models were developed from a small spatially constrained sample of the study landscape to address concerns of spatial autocorrelation. In contrast, SAR models incorporate a spatial error term, explicitly addressing spatial autocorrelation, while indirectly including unmeasured but spatially structured environmental variation (Haining, 1993) . SAR models used a complete census of mapped ALC for the study area, which may enable detection and quantification of more subtle interactions between ALC and environmental variables versus RF analyses based on samples. Additionally, SAR can be used for more traditional statistical inference, variable selection, and quantifying variable significance compared to RF.
Dominant drivers of forest ALC density
Timber harvesting was the single most important driver of variation in forest ALC density, despite occurring on only 23% of the landscape. This is not surprising given the many centuries it can take to reach the upper bounds of forest ALC density in the region (Hudiburg et al., 2009; Seidl et al., 2012) , and largely mature and old-growth forest conditions at the HJA prior to initiation of harvesting in the 1950s. After forest harvesting, annual temperature was the next most important driver of variation in forest ALC density in both models for both young managed and old unmanaged forests. The impacts of climate on vegetation productivity have been well studied at regional to global scales (Churkina and Running, 1998; Nemani et al., 2003; Latta et al., 2009) . However, in this study we found climate mediated by complex mountain terrain can result in high variation of the upper bounds of forest ALC density across relatively short distances. For example, in old unmanaged forests at the HJA, median ALC density declined by more than a factor of three (410-130 Mg ha
À1
) across a horizontal distance of just a few hundred meters in association with a 4.73°C decline (10.69-5.96°C) in annual temperature and a 650-1400 m increase in elevation (Fig. 6, Electronic Supplemental Fig. 7) . ALC density in young managed forests also declined with reduced temperature (and thus increased elevation) across relatively short distances, but the magnitude of this decline was less than in old unmanaged forests. This difference in the magnitude of ALC response to temperature may result from compounding effect of site productivity over time (i.e., ALC as the integral of annual growth over time). Using correlation analysis and simulation models, Seidl et al. (2012) quantified similar fine grained variation in forest total ecosystem carbon (TEC), but found solar radiation to be a more important driver than temperature in old unmanaged forests. These differences may in part arise from different aspects of carbon studied (ALC vs. TEC) and fundamentally different analyses, with Seidl et al. (2012) considering the integral effect of environmental drivers over a 500 year period using process-based simulations.
After harvest history and climate, soil texture (fraction of clay) was important in analyses for both young managed and old unmanaged forests. Many soil physical characteristics (i.e., soil depth, texture, water holding capacity, etc.) influence forest productivity (Binkley and Fisher, 2012; Meyer et al., 2007) , and these characteristics vary with topographic position (Tromp-van Meerveld and McDonnell, 2006; Griffiths et al., 2009) . RF and SAR analyses had less agreement on important topographic variables, although both analyses indicated an increased importance of TOPEX in old forests. Topographic variables, such as TPI30 and TPI300, may reflect both microclimate and other factors that vary with topography such as soils, exposure to wind, and wildfire (Tepley et al., 2013) and windthrow (Sinton et al., 2000; Kramer et al., 2001) . Variation in temperature is largely driven by elevation (Daly et al., 1994, Electronic Supplemental Fig. 2) , and elevation is often used as a proxy to represent complex environmental gradients (Whittaker, 1978) . However, elevation alone does not capture additional topographic context such as topographic shading, relative radiation, local depressions, and valley constrictions that can mediate temperatures (Lookingbill and Urban, 2003; Daly et al., 2010) .
Environmental drivers of ALC vary between young managed and old unmanaged forests
The relationship between ALC and stand age was stronger in young forests than in older forests, which also displayed an asymptote for ALC beyond 500 years. Across both strata, ALC development with age is consistent with general trends of biomass recovery after disturbance (Bormann and Likens, 2012) . However, we were unable to characterize the trend between ages 57 and 106, a short period when ALC may increase by 50% or more to reach the levels found in older forests. Both mean annual growth culmination and transitions between the developmental stages of biomass accumulation and maturation are known to occur between stand ages of 70-150 years in these forests (Curtis et al., 1974; Franklin et al., 2002) , leading us to believe that in combination, the two ALC-age regressions are capturing the general trend of ALC over time.
For young managed forests, years since harvest, along with large-scale gradients of climate, soils, and topography were important in both models. RF and SAR model fit was better in young managed versus old unmanaged forests, and there was good visual agreement between observed ALC and SAR predictions. In old unmanaged forests, moderate to large scale gradients of climate, soils, and topography still exerted a strong influence on ALC density, while model fit was lower for both RF and SAR models compared to young managed forests. Additionally, SAR predictions of ALC did not appear to capture fine-scale variation in ALC that is more prevalent in old unmanaged forests (Fig. 5) . Differences between models of young and old forests are consistent with what is known about the structural development and underlying processes in forests of the region, and may indicate a shift in drivers of forest ALC density associated with changes in vegetation structure as forests age, from large-scale exogenous factors associated with forest productivity to increased importance of finer-scale processes including gap dynamics and the establishment and growth of shade-tolerant species (Spies et al., 1990; Franklin et al., 2002; Seidl et al., 2012) . Young managed stands at the HJA are 12-57 years old, and are largely in canopy closure and biomass accumulation/competitive exclusion stages of stand development (sensu Franklin et al., 2002) . In these developmental stages, mortality is largely density-dependent and occurs at stand scales, although gap-forming processes and structural complexity more often associated with older forests can occur (Lutz and Halpern, 2006) . In contrast, older forests are typically characterized by (1) a shift from density dependent to density independent overstory mortality, (2) senescence of overstory trees, and (3) establishment and growth of shade-tolerant trees. The accumulation of finerscale and spatially aggregated mortality over decades and centuries is a likely cause of the fine-scale spatial heterogeneity in the ALC density of old forests, which is not predicted by our models. Furthermore, older forests in the region have higher tree species richness due to establishment of shade-tolerant species, and this increased species richness has been associated with increased ALC density (Seidl et al., 2012) , likely as a result of complementary resource use where large shade tolerant conifer species co-occur in mid and lower canopy positions with emergent, long-lived shade intolerant species While years since harvest was strongly associated with forest ALC density in young managed forests, years since fire was only weakly associated with ALC density in old unmanaged forests, and the number of fires on a given site over time was not a significant predictor of forest ALC density. Fires differ strongly from harvesting in their impact on vegetation and ALC dynamics, and fires are much more heterogeneous in their impact compared to management . The fire regime in Douglas-fir/ western hemlock forests that dominate the HJA has typically been viewed as low frequency, high severity, stand replacing disturbance (Munger, 1930; Franklin et al., 2002) . However, relatively little of the HJA has experienced stand replacing fire in the 20th century, making it impossible to compare young managed and young unmanaged stand development within the study area. The most recent fires occurred in the mid to late 1800s and were generally not stand replacing. Such mixed-severity events may be more important in the region than previously thought, resulting in more complex trajectories of structural development than suggested by traditional conceptual models (Weisberg, 2004; Tepley et al., 2013) . Additionally, remnant old-growth trees resulting from non-stand replacing fires likely enhance the recovery of forest C density (Seidl et al., 2014) . Some of the variation in ALC density that we found could be indicative of these non-stand replacing fires. However, our fire history maps are relatively coarse and subject to considerable uncertainty, therefore smaller patches of younger forest created by past fires would be difficult to delineate from historical aerial photography and dendroecology. Consequently, we may be underestimating the effect of these partial disturbances on variation in ALC density here (see discussion of study limitations below).
Study limitations
We only examined ALC density, and it's important to note that ALC may only represent approximately half of the total ecosystem carbon stores in old growth forests of the region (Smithwick et al., 2002) . Furthermore, partitioning of different carbon stores and fluxes (i.e., above versus belowground C, primary production versus respiration, etc.) can vary across regional climate gradients and disturbance history (Law et al., 2004) . Quantifying these other C stores and fluxes and their spatial variability is problematic using remotely sensed data and beyond the scope of this study, where we focus only on ALC.
Our study was conducted at the HJA, a long-term experimental forest with a wealth of information regarding forest management, vegetation, disturbance history, climate, topography, and soils. However, there are many inherent limitations in the available data that restricted analyses and the strength of inference associated with our findings. The empirical relationship between lidar and field plots used to map forest ALC density was strong, but as noted by Seidl et al. (2012) , these plots and their sampling schemes were designed for a variety of other purposes and not specifically for developing models of forest ALC. Additionally, there are multiple sources of sampling, measurement, and model misspecification errors that can influence forest biomass (and therefore ALC) estimation (Temesgen et al., 2015) . Furthermore, soil physical characteristics were collected at a sampling density and spatial grain that is likely to miss fine-grained heterogeneity of soil conditions varying with topography, while many fine-grained environmental factors (rock outcrops, seepages, streams, etc.) were not accounted for explicitly. As a study focused on how topography and disturbance history influenced C density, aspects of stand development and succession such as species composition and diversity were not included, nor were they available with the accuracy required to be included in analyses. Yet species diversity and structural complexity likely explain a large faction of ALC not described by environmental factors (Seidl et al., 2012) . While the study had detailed information about past management and wildfires, important information was not available for either disturbance type. For instance, spatially explicit data were not available for postharvest management (site preparation, planting density, and regeneration success). Findings that suggest the importance of non-stand replacing fires must be placed in the context of fire reconstruction data, which lacked information regarding variability of fire severity within fires or locations of old-growth remnants. Furthermore, data on small-scale disturbances such as windthrow or insect mortality were not available, but those disturbances are likely to also contribute to the variation in ALC density at the scale of analysis. While differences in explanatory power and significant environmental variables between young and old forest have strong basis in known ecological patterns and process, inferences regarding difference in explanatory power may be weakened by the smaller overall gradient in ALC in the young managed forests, resulting in less variation of ALC to explain in statistical models compared to old forests. Overall, the considerably reduced explanatory power of our analyses in old-growth forests compared to young managed forests suggests that alternative tools and approaches (such as using simulation modeling as a diagnostic tool, Seidl et al., 2012) are of value in exploring the complexities of C cycling in oldgrowth forest ecosystems.
Conclusions
We found that complex mountain terrain strongly influenced ALC density, and these relationships differ between young and old forests. These findings have important implications for scaling up plot-level data to landscape and regional scales, as well as for modeling the spatiotemporal dynamics of forest carbon cycling at these scales. Regional-scale studies may miss important spatial variation in the upper bounds of forest C density in complex mountain terrain. Our study indicates that landscape-scale variation of climate, topography and soils exerts strong influences on C density and that the relationship can differ between younger managed forests and older unmanaged forests. Scaling and modeling applications that do not take this into consideration may overestimate forest C storage, because they underestimate environmental constraints in young forests and heterogeneous landscapes (cf. Seidl et al., 2013) . Using large regional inventory plot networks may in part reduce these concerns by providing robust regional estimates of forest C density and its variation with stand age (Hudiburg et al., 2009 ), but it is unknown how well these plot networks represent multi-scale gradients of environmental factors and management history that influence spatial variability of forest C density (Bradford et al., 2010) .
